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A Three-State Received Signal Strength Model for Device-Free Localization Ossi Kaltiokallio , Hüseyin Yigitler , and Riku Jäntti, Senior Member, IEEE Abstract-The indoor radio propagation channel is typically modeled as a two-state time-variant process, where one of the states represents the channel when the environment is static, whereas the other state characterizes the medium when it is altered by people. In this paper, the aforementioned process is augmented with an additional state. It is shown that the changes in received signal strength are dictated by: 1) electronic noise, when a person is not present in the monitored area; 2) reflection, when a person is moving in the close vicinity of line-of-sight; and 3) shadowing, when a person is obstructing the line-of-sight component of the transmitter-receiver pair. Statistical and spatial models for the three states are derived, and the models are empirically validated. Based on the models, a link line monitoring system is designed, which aims to, first, estimate the temporal state of the channel using a hidden Markov model, and, second, track a person using a particle filter. The results suggest that the presented system outperforms other state-of-the-art systems in terms of localization accuracy while increasing size of the link's sensing region.
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I. INTRODUCTION
T HE success of wireless communication systems together with the recent advances in different technologies have enabled dense wireless sensor network deployments. In addition to the more conventional application areas, these deployments have been recently exploited for new sensing possibilities such as: device-free localization (DFL) [1] , fall detection [2] , and non-invasive breathing rate monitoring [3] . These systems extract information about people in the surrounding environment using ubiquitously available received signal strength (RSS) measurements of the radios, and therefore, they are referred to as radio frequency (RF) sensor networks [4] . Most notably, these networks do not require people to co-operate with the system, allowing one to gain situational awareness of the environment non-invasively.
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Digital Object Identifier 10.1109/ TVT.2017.2701399 to be accurately modeled to identify when and how a link is affected by people 1 . Second, the models should relate a person's location to the RSS to enable localization. Third, the location must be inferred using the RSS, which is a measure of the average received signal power resulting to the fact that individual signals altered by a specific object cannot be resolved. This implies that localization methods developed for radar and ultrawideband systems cannot be applied in RF sensor networks. This paper focuses on the first two items with the aim to statistically and spatially model the temporal RSS changes with respect to the location of a person. The statistical propagation channel models are necessary for successful wireless communication system operation in indoors [5] . In the rich literature on the subject, among other findings, it was identified that RF signals experience time-intervals of considerable fading caused by the movements of people, whereas most of the time the channel remains nearly constant [6] , [7] . This observation motivated modeling the time-varying process using a two-state Markov chain [8] , a result exploited in DFL applications to identify when a wireless link is affected by people and when it is not [9] , [10] . When a person affects a link, it is typically assumed that the person is very close to or obstructing the line-of-sight (LoS) [11] - [13] . However, this assumption prohibits one to model observed RSS variations when the person is far away from the LoS.
In this paper, it is demonstrated that the temporal RSS changes are caused by: i) electronic noise, when a person is not present in the monitored area; ii) reflection, when a person is moving in the close proximity of the LoS; iii) shadowing, when a person is obstructing the LoS.
A three-state model for the temporal RSS changes is proposed, and both statistical and deterministic models for the different states are derived. The derivations are validated using measurement data, and they are applied in a link line monitoring system that utilizes both statistical and deterministic models. With respect to other state-of-the-art RSS models, the results suggest that the localization accuracy is improved while the spatial extent of a link's sensing region is increased.
This work makes the following contributions: 1) The four temporal states of RSS measurements are identified, and it is shown that three states are enough to make a complete temporal characterization of RSS.
2) For each state, a well known theory is used for deriving the deterministic RSS model under certain assumptions on human body geometry and electrical properties. 3) The statistical models are derived using various statistical arguments that can be validated for large number of scenarios of human-induced RSS variations. 4) Both deterministic and statistical models are used in a link line monitoring application, which itself has several advantages compared to traditional DFL systems. a) It can detect presence of a person using a single transmitter (TX) and receiver (RX) pair, using solely the derived statistical models. With the same configuration, it can identify whether the person is obstructing the LoS or moves in a distant region. b) Once the number of receivers is increased to two, the system can localize a person using the deterministic and statistical models. The localization accuracy performance of the system can be improved by including more nodes. The rest of the paper is organized as follows. In Section II, related work is discussed. In Section III, a three-state RF propagation model is presented and in Section IV, statistical and spatial models for the different temporal states are derived. The developed spatial models are validated and compared to existing models in Section V. A RSS-based link line monitoring system is introduced in Section VI and the development efforts are experimentally validated in Section VII. Thereafter, conclusions are drawn.
II. RELATED WORK
The indoor propagation channel is usually modeled as a stochastic process, since in a typical setting the number, location and electromagnetic properties of interacting objects and their effect on individual multipath components are unknown [14, Ch. 5] . Considerable efforts in the late 80's and early 90's were made to characterize the channel to enable successful wireless communication system deployments [5] . Regarding this paper, some of the key findings are: i) the channel is non-stationary in time; ii) the impulse response profiles for points in close vicinity of one another are correlated; iii) adjacent multipath components of the same impulse response are not independent; iv) the channel's parameters strongly depend on the measurement setup and environment. Considering (i), it is widely accepted that fading occurs in bursts [6] and this fading/non-fading time-varying process has motivated the use of a two-state Markov model [8] where the states are characterized as Ricean variates with different K-factors. However, the Ricean distribution is based on the central limit theorem and it assumes that the scatterer locations are random violating (ii) and (iii) above. Supporting (ii) and (iii), the arrival times of different multipath components are correlated [5] . Further, in case there are dominating scattering planes (e.g. floor and walls), the Ricean distribution (even though an appropriate functional fit) is not a valid theoretical model for the received signal envelope [15] . Despite its wide acceptance, the Ricean distribution has its own shortcomings and therefore, we investigate different statistical models to characterize the indoor propagation channel in LoS environments.
Electromagnetic waves can be reflected, diffracted, scattered and attenuated as they propagate from TX to RX. Similarly, people can influence the transmitted RF signals in any of these mechanisms, but the dominating one observed at the RX depends on: properties of the transmitted signal, the interaction of electromagnetic waves with the human body, and location of the RX with respect to the TX [14, Ch. 4] . In RSS-based DFL literature, the first appeared model considered large RSS decreases when the person is on the LoS, referred to as shadowing [1] . Later, Wilson and Patwari have shown that the changes in RSS variance are linear with movements of a person [16] , and pointed out that reflection and scattering are two mechanisms which can describe this variation [17] . The empirical exponential model (EM) accounts for the decay in RSS when the person is within the first Fresnel zone [12] and the Exponential Rayleigh model augments the EM model to account for the first constructive peak of the RSS [18] . The knife-edge diffraction based works [19] , [20] , model the human as a cylinder and assume that the body is a perfect absorber in the first Fresnel zone. The work by Savazzi et al. [20] assumes the person's centroid is on the LoS, and this restriction is relaxed in the work by Rampa et al. [19] to interior of the first Fresnel zone. The models alluded thus far are valid in a close neighborhood of LoS, but they do not extend to the cases when the person is outside of the considered region. In this work, similar to the results of the work by Ghaddar et al. [21] , we demonstrate that reflection is a dominating mechanism, and introduce a temporal model which consists of three states different than two-state models considered in earlier works [9] , [10] . The considered states are: non-fading, reflection and shadowing. To the best of our knowledge, we are the first to propose a measurement modality which includes both reflection and shadowing mechanisms. The derived deterministic model for reflection is based on a single-bounce model [22, pp. 114-125] , whereas the shadowing model is based on the theory of computerized tomographic imaging (CTI) [23, Ch. 3] .
III. A THREE-STATE RSS MEASUREMENT MODEL
In this section, general assumptions of the paper are listed, a measurement model for the RSS is presented and thereafter, temporal characteristics of human-induced RSS changes are discussed. Based on the discussion, a three-state RSS model is introduced at the end of the section.
A. System Overview and General Assumptions
In this paper, the effect of people to RSS of narrowband wireless communication devices operating at 2.4 GHz ISMband is investigated. At 2.4 GHz, it is expected that a person has a significant effect on the RSS since the geometrical extent of a human body is considerably larger than the wavelength.
In this work, we consider a scenario where a single person is moving in the close vicinity of the LoS as illustrated in Fig. 1(a) ; otherwise, the propagation medium is assumed to be stationary. The communication system is assumed to only experience slow fading due to movements of a person. The development efforts focus on, but do not limit, to coherent receiver architectures since for such devices it is straight forward to draw the relation between temporal variations in the propagation channel and the changes in RSS. The RX is assumed to synchronize to the LoS component and the changes in RSS are with respect to the LoS signal. Furthermore, the coherence bandwidth of the channel is presumed to span the entire communication bandwidth so that channel diversity can be exploited to enrich the low-resolution RSS measurements as in [24] . Consequently, we expect to capture even small changes in the channel and that the changes are observable on all frequencies.
Let us denote a point in an inertial reference frame in twodimensional Euclidean space by p [x y] T . Let p T X and p RX denote the TX and RX positions in corresponding order, and d LoS = p RX − p T X is the distance between them. Any point p R on the ellipse that has its foci at p RX and p T X can be parametrized using the excess path length Δ, defined as
where · denotes the Euclidean norm. The problem geometry is illustrated in Fig. 1(a) .
B. Measurement Model
RF waves emitted by a narrowband communication system operating at carrier frequency f c are altered by the propagation channel so that the low-pass equivalent of the received signal [25, Ch. 13] can be written as
where s(t) is the transmitted low-pass signal and α i (t), τ i (t), φ i (t) = 2πf c τ i (t) are the time-varying amplitude, time-delay, and phase of the i th multipath component in respective order. The RSS is a measure of the received signal power and it is calculated over several periods of s(t). If the channel is stationary for this duration, the RSS can be expressed as
where P 0 is a communication system dependent gain, which accounts for the transmitted signal power, properties of TX and RX electronics, and antenna gains. In logarithmic scale, the RSS is given by
where P dB = 10 log 10 (P 0 ) and h(t) is the complex channel gain given by
A typical narrowband receiver samples and outputs the RSS every T s seconds, so that the measurement at time t = kT s , k ∈ N, is given bŷ
whereν dB (k) is zero-mean additive white noise 2 . If the channel is quasi-static for the duration of interest, the channel is mean ergodic so that the statistical expectation E{·} of the measurements is equivalent to the time average. The expected value of RSS under static channel conditions is given by
whereh dB is the mean of the process 20 log 10 (|h(k)|) within duration T s . Eq. (7) reflects the site dependent and time-invariant channel characteristics. Thus, removing the mean yields a signal which does not depend on the underlying measurement setup and environment. Time variations of the mean removed RSS, given byR
reflects the possible changes in the propagation channel. Although these measurements can not be used for resolving parameters of individual multipath components in Eq. (5), the RSS measurements will deviate from the mean if there are some multipath components affected by a person. Therefore,R dB (k) is a compact measure that allows one to discriminate between measurements that are affected by a person from the ones that are not affected. In this paper, the channel is over-sampled andR dB (k) is lowpass filtered to increase the SNR of the measurements as in [3] . We denote the mean-removed and filtered RSS measurements on frequency channel c as
where g c (k) = 20 log 10 (|h(k)|) −h dB and ν c (k) is assumed to have a flat spectra. Most wireless devices enable communication over different frequency channels c so that Eq. (9) can be extended to a measurement vector
where C is the number of used channels. Consequently, the measurement model of the studied system is given by
where ν(k) is the filtered noise vector 3 , which is assumed to be a zero-mean multivariate Gaussian of independent components with equal variances σ 2 , i.e., ν(k) ∼ N (0, σ 2 I).
For the considered scenario, g c (k) is a function of position, geometry and electrical properties of the person. Thus, if fading is parametrized with respect to these parameters by assuming them as deterministic variables, g c (k) is also deterministic. On the other hand, if some or all parameters are not precisely known, then g c (k) is stochastic. The deterministic models are most useful when the RSS is calculated using the known parameters for example to examine the innovation in a given measurement. The stochastic models on the other hand can be utilized to investigate the expected communication performance or to calculate the probability of measuring the acquired RSS. Therefore, depending on the perspective, both deterministic and stochastic models are useful and important.
C. Temporal Characteristics of Human-Induced RSS Changes
In this section, temporal characteristics of human-induced RSS changes are discussed. To aid in the discussion, RSS measurements shown in Fig. 2 (b) and (c) are acquired when a robot is moving along a trajectory depicted in Fig. 2(a) . This deployment shows two realizations of the ideal scenario illustrated in Fig. 1(a) . The robot carries a cylindrical container filled with body tissue simulating liquid, and it can accurately localize itself in an indoor environment as described in [26] . This experimental setup acquires high quality measurements since geometry and electromagnetic properties of the container and liquid are known, and each RSS measurement can be precisely related to position of the robot. The node hardware and used communication protocol are the same as described in Section IV-A.
In general, the human body creates new multipath components and possibly alters existing ones, corresponding to addition and modification of the terms in Eq. (5) . In this respect, it is possible to group the multipath components into three: the new components, the ones that remain the same, and the ones that are altered by the person [17] . If the altered components have much weaker amplitude compared to other groups, their effect can be neglected. In this case, RSS variation is dominantly defined by the sum of two phasors, one representing newly created multipath components (e.g., reflected signal from the human body) and another representing the unchanged components (e.g., LoS signal).
Consider a propagation scenario with a single person in a completely empty environment, as shown in Fig. 1(a) . In addition to the unaltered LoS signal, some waves will be reflected and scattered from the person's surface creating a new multipath component. Since LoS is the shortest distance from TX to RX and the propagation speed c 0 is constant, the LoS signal is received first, and the coherent receiver synchronizes to it. Then, the phases of the signals arriving later (the reflected signal) are defined with respect to arrival time of the LoS signal. There-fore, a signal traversing an excess path length of Δ has a time delay of τ = Δ/c 0 , which defines an elliptic region having the transceivers located at the foci.
A typical receiver is only sensitive to the multipath components with strength above sensitivity threshold of the receiver. Considering the propagation losses only, the radio's sensitivity dictates the maximum excess path length a signal can travel before it falls below the threshold, defining a sensitivity region of a TX-RX pair [27] . If a person is moving outside the sensitivity region (vertical shaded region in Fig. 1(a) ), the newly created multipath component has very small strength compared to the LoS signal. Thus, the propagation channel remains stationary and a single realization of the fading process is observed, and the white noise ν c dictates r c in Eq. (9) . For RX 1, this state is observed in Fig. 2 (b) at samples k = [0, 50], and the trajectory of the robot at these time samples is outside the sensitivity region shown in Fig. 2(a) .
If the person now starts to move toward the LoS so that Δ decreases, at some point, they enter the sensitivity region of the link (the diagonally shaded region in Fig. 1(a) ). After this, human-induced temporal fading can be observed at the RX since the person is creating new measurable multipath components. At these time instances, it is expected that reflection and scattering are two propagation mechanism altering the RSS measurement [17] . The relative importance of reflection and scattering on the received signal depends on the wavelength and human's position, surface and electrical properties [28] . Considering the average geometrical extent of the human body, and also the empirical results of the work by Ghaddar et al. [21] , the effect of scattering can be ignored so that reflection can be taken as the dominating factor. The reflected waves can cause constructive and destructive fading depending on Δ. Moreover, as Δ decreases the amplitude of the reflected signal increases so that the RSS is altered more and more [22, pp. 114-125] . This state is observed when the robot is within the sensitivity region of the links shown in Fig Fig. 2 imply that the RSS variations also depend on the link distance, and this should be accounted for in the modeling effort.
The considered process changes significantly as Δ gets smaller than a quarter of a wavelength. Now, the RF signal(s) traverse through and around the human as they diffract and refract upon contact to non-homogeneous human tissue. When the person is in the just mentioned region but not obstructing the LoS, and if the human body is assumed to be a perfect absorber, then refraction can be ignored. In this case, the LoS signal experiences significant diffraction due to edges of the human body geometry [29] . The observed impact on the electric field can be approximated by knife-edge diffraction, which can be equivalently stated using the excess path length of the diffraction edge as its argument [30] . An accurate model can be obtained by considering both vertical and lateral diffraction profile of the human body [19] , [31] . It is to be noted that when the person is not obstructing the LoS, the LoS signal can be taken as one of the unaltered multipath components, and the two phasor sum interpretation can still be advocated. Fig. 2 (a) with dashed ellipses. In this state, the LoS signal itself is one of the altered components, and one can no longer use the sum of two phasors interpretation. Although various propagation mechanism are affecting the measurements -possibly simultaneously, the variation of LoS signal is due to transmission of the electromagnetic energy through the human body since it is not a perfect absorber. In this case, the RSS variation can be modeled with respect to distance that the energy travels inside the body.
For the described movements of the person, the RSS measurements experiences transitions among four different states as depicted in Fig. 1(b) . However, the transition from diffraction to the LoS blocking state happens at most within a quarter of a wavelength, which is approximately 3 cm for carrier frequencies around 2.4 GHz. Thus, the observed large decrease in signal strength is widely referred to as human-induced shadowing [1] , [12] , [18] . Following the same convention, we refer to both of the states as shadowing, and we make no distinction between the two. However, in order to guarantee continuity of RSS as a function of Δ, we assume that whenever Δ is less than quarter of a wavelength, where the reflection model and the diffraction model in logarithmic scale both have a null, the human body starts blocking the LoS. Therefore, the three temporal states are continuous within the complete region of interest.
D. Three-State Temporal Model
As discussed in the preceding section, human-induced RSS variations have three temporal states s with the transitions shown in Fig. 1(b) . Correspondingly, g c (k) in Eq. (9) is represented with respect to s as
In Eq. (12), R(p c (k)) and S(p c (k)) are models for reflection and shadowing in respective order and they are functions of location p c = (p x , p y ), geometry and electrical properties of the human body, and link distance d LoS . Since the current state of the RSS is solely dictated by the previous state, it is a threestate Markov process. The transitions from one state to another can be solely represented as a function of excess path length Δ defined in Eq. (1). However, in each state the RSS has different statistical and deterministic models.
IV. STATISTICAL AND SPATIAL MODELS
In this section, statistical and spatial models for the three temporal states are derived. Section IV-A describes the experimental setup used for empirical validation. In Section IV-B, the spatial models are derived and the statistical models are presented thereafter.
A. Measurement Collection
The models introduced in this section are validated using the [32] . A detailed description of the node hardware can be found in [33] .
The TX is programmed to transmit packets over each of the 16 frequency channels defined by the IEEE 802.15.4 standard [34] and after each transmission, the TX changes the frequency channel of communication in sequential order. The RX is programmed to receive the packets and to store the data to a SD card for offline analysis. In the experiments, oversampling is exploited and on average, the interval between two consecutive receptions is 2 ms with a standard deviation of 141 microseconds resulting that the sampling interval T s of each frequency channel is 32 ms. The described communication schedule is the single transmitter version of the communication protocol described in [35] .
In this paper, we only consider the scenario where a single person is within the sensing region of the nodes. In the experiments, markers are placed on the floor for the person to follow and a metronome is used to set a pre-defined walking pace. The person is walking at a speed of 0.5 m/s intersecting the LoS multiple times. The experiment is repeated five times and in between each test, the RX is moved fourth of a wave length (λ/4 ≈ 3 cm) further away from the TX to include small spatial variance to the measurements. In total, 8.72 · 10 5 RSS measurements are collected and each measurement is associated to the true location of the person. A finite impulse response (FIR) filter is used to increase the SNR of r c (k) as in [3] . The filter is designed to have a passband frequency of 0.1 Hz and a stopband frequency of 15 Hz. Passband ripple of the filter is 0.05 dB and it has 40 dB attenuation at frequencies higher than 15 Hz.
B. Deterministic RSS Models
The deterministic models for reflection and shadowing are developed by approximating the cross section of a person with an ellipse that has uniform electrical properties. These simplifications allow us to derive a closed form expression for both R(p c (k)) and S(p c (k)).
1) Nonfading Model: If the sensitivity region of a link is vacant, the impact of a person on the RSS measurements is identically zero, g c (k) ≡ 0, and the observed variations are solely due to the measurement noise ν c (k).
2) Reflection Model: A person moving in the close vicinity of the LoS can create additional multipath components by reflection [17] , [36] . In this case, there is a single-bounce reflection component in addition to the LoS component as depicted in Fig. 3(a) . Then, the channel gain in Eq. (5) affecting the RSS measurements is given by 
where 0 < Ψ < 1 describes the relation between α LoS (k) and α R (k). As given in Eq. (8), the mean is removed from the RSS in logarithmic scale which is equivalent to division in linear scale. Thus, the deterministic reflection model is
where φ R (k) = 2πΔ R (k)/λ c in which Δ R is excess path length of the reflected signal and λ c is wave length of the carrier frequency.
To simplify the notation, we exclude time dependence k in the following equations and define the relation Ψ between α LoS and α R as
where η is the experiment dependent and time-invariant path loss coefficient and ψ ⊥ is the time-variant Fresnel reflection coefficient [22, pp. 114-125] 
of perpendicular E-field polarization at the boundary of two dielectrics. In Eq. (17), ε r is relative permittivity whereas θ i is the incidence angle of reflection as illustrated in Fig. 3(a) .
There are a few observations about the reflection model defined in Eq. (15), specifically parameter Ψ defined in Eq. (16) that need to be elaborated. First, the reflection model is based on a single multipath component that reflects from point p R with incidence angle θ i that implicitly defines a tangent to the human ellipse model that minimizes Δ R . Second, excess path length Δ R defines the additional path loss experienced by the reflected wave given in Eq. (16) as (d LoS /(d LoS + Δ R )) η /2 . This term also accounts for the effect of d LoS on RSS variations. Third, Fresnel reflection coefficient ψ ⊥ defines the energy preserved in the reflected wave. In the experiments, the antennas are in the direction perpendicular to plane of incidence and therefore, parallel E-field polarization does not affect the RSS. Fourth, clothing is the dielectric boundary. For textiles, ε r is near 1.5 and it does not vary much at 2.45 GHz [37] so that it can be assumed constant. Thus, the reflection model is explicitly defined by p c , geometry and electric properties of the human ellipse model, and d LoS .
3) Shadowing Model: RF signals can diffract, scatter, reflect and attenuate upon contact with the person making it a demanding task to accurately model human-induced RSS changes in shadowing state. However, the modeling effort can be considerably simplified by assuming transmission through the human body as the dominating effect. In this case, attenuation can be represented by a line integral of the attenuation field along a straight line from TX to RX as visualized in Fig. 3(b) .
The total attenuation along the line
caused by attenuation field ρ(x, y) as illustrated in Fig. 3(b) , can be written as [23, Ch. 3]
where δ(·) is Dirac delta function. In this paper, the cross section of a human is modeled as an ellipse with uniform electrical properties, i.e., ρ(x, y) = ρ. For such a geometry and properties, the closed form solution of Eq. (19) is where A and B are the semi-minor and semi-major axis of the ellipse and a 2 (ω) = A 2 cos 2 (ω) + B 2 sin 2 (ω). 
where n is the Fresnel zone number, and d T X and d RX are the distances to the TX and RX in respective order. RF signals traversing through space have a greater flux density in W/m 2 the smaller the Fresnel radius is. Thus, the overall attenuation is relative to the area the person obstructs of this space. Since shadowing occurs only inside the first Fresnel zone (n = 1), we approximate the relation by width of the person divided by the radius of the first Fresnel zone, i.e., κ(p y ) = A/d 1 . This term explicitly includes the effect of d LoS to the model. In this paper, the frame of reference is defined with respect to the TX-RX pair resulting that ω = 0 and x = p x . Now, the measured decrease in RSS is equivalent to summing up the losses along the LoS. As a result, the deterministic shadowing model can be expressed as
C. Statistical RSS Models
In the following, the conditional densities of r c (k) in the three temporal propagation channel states are investigated. The stochastic models for r c follow the joint statistics of g c and ν c . However, in case fading occurs it is expected that the density of r c conditioned on s is dominantly defined by the statistics of g c . In each state, the statistics of g c originate from unknown factors such as position, human body geometry, or electrical properties. But, the resultant random variable (at a given state) has a specific distribution, and the RSS measurements (acquired when in the same state) are samples from the same distribution. In this section, r c (k) are converted to linear scale using r m W (k; c) = 10 r c (k )/10 for convenience. The data are tested against various well known probability densities and the results are evaluated with the Kolmogorov-Smirnov (K-S) test [38] using a significance level of 5%. The tested distributions are: normal, log-normal, Rice, Rayleigh, Weibull, and gamma. The empirical and selected theoretical densities are shown in Fig. 4 . Results of the statistical tests and parameters of the selected distributions are given in Table I . In the table, H 0 denotes the null hypothesis that the data is from the tested distribution and p-value is the probability of the K-S statistic. The K-S test results in the table can be compared with the test results that the samples r m W (k; c) are drawn from log-normal distribution. For shadowing state the null-hypothesis is rejected with p-val.: 4.7133 · 10 −6 and for reflection state it is also rejected with pval.: 8.7808 · 10 −6 . Therefore, log-normal is not the expected distribution neither in the shadowing nor in the reflection state.
1) Nonfading State: For most of the time, the channel is time-invariant and the RSS remains nearly constant [6] since the received signal only experiences a single realization of the fading process. Thus, it is expected that r c (k) follows the statistics of ν c (k). For quadrature modulated communication systems such as the ones considered in this paper, the white measurement noise is expected to follow the central chi-square distribution with two degrees of freedom. Since the RSS is averaged over several periods of s(t), due to the reasons elaborated in [39] , r m W (k; c) in linear scale is log-normal with density function given by
In Eq. (23), μ is the mean and σ the standard deviation. Related works have also reported ν c (k) to be Gaussian in logarithmic scale [3] , [10] , [11] .
2) Reflection State: As presented in Section IV-B2, a person can create additional multipath components by reflection when they move in the close vicinity of the LoS. In this case, the amplitude of the reflected signal depends on the position, geometry, and electrical properties of the person, whereas timedelay τ R (k) solely depends on Δ R (k). Thus, in the considered scenario there are two clusters of multipath components with different amplitudes and arrival times. If the region is free of additional scatterers, the amplitude decay of the clusters is the same and therefore, the received signal power is obtained as the modulus sum of the multipath components raised to a certain exponent.
The described multipath propagation effect is known to yield Weibull distributed fading [40] , [41] for which the density function with shape parameter b and scale parameter a is given by
In case the envelope follows a Weibull distribution, the signal power also follows the Weibull distribution with shape parameter b/2 [42, p. 26] .
3) Shadowing State: As electromagnetic waves propagate through a person, they are reflected, diffracted and scattered multiples of times due to differences in electrical properties of human tissue. However, most tissues' are comparable to or less than the wavelength in size resulting that the path length traveled by different waves is approximately equal. Consequently, the phase variation in the received signal is negligible and it is possible to argue that the phase is deterministic. Thus, the observed effect is solely on the amplitude so that power of the received signal is significantly reduced. One approach to model amplitude fading in shadowing state is to consider the power transmitted through a person to be mostly scattered by human tissue. In this case, the electromagnetic waves are scattered by a large number of irregular surfaces (tissue). As a consequence, the received power intensity profile is expected to follow a gamma variate [43] . Similar arguments hold for slow-fading in mobile propagation channels where the gamma distribution has been proposed to characterize shadow fading [44] . Therefore, r m W (k; c) is assumed to follow the gamma distribution with shape parameter b and scale parameter a
where Γ(·) is the gamma function.
V. MODEL VALIDATION
In this section, the presented spatial model is numerically evaluated and benchmarked against other state-of-the-art models. The empirical benchmark models are introduced first. Then, the different spatial models are evaluated. Finally, practical considerations are discussed.
A. Empirical Benchmark Models
The spatial model introduced in Section IV-B is compared to two empirical models commonly used in related literature. The tested models are the exponential model presented by Li et al. [12] and the exponential-Rayleigh model presented by Guo et al. [18] . The parameters of the models are determined using the data collected in Section IV-A.
In the exponential model, the RSS is modeled to decay exponentially with respect to excess path length Δ c and for the collected data, the model is given by
where Δ c = p T X − p c + p RX − p c − p T X − p RX in which p c is center coordinates of the person. The exponential model only covers the RSS variations when the person is very close to LoS, and it was extended by Guo et al. [18] to account for reflections to some extent. The exponential-Rayleigh model consist of two exponential decays and for the collected data, the model is given by (27) where the first exponential decay captures the large losses caused by shadowing whereas the second captures the constructive fading effects caused by reflection when a person is in the close proximity of the LoS. In the remainder of the paper, we refer to the system presented in this paper as three-state model (3SM) and the benchmark models as exponential (EM) and exponential-Rayleigh (ERM) models.
B. Spatial Model Errors
In Fig. 5 , the different models with respect to r(k) are shown. In the figure, the measured RSS values are shown for all frequency channels, whereas the model outputs are averaged over all the channels in order to simplify the plot. EM was developed to model human-induced shadowing and as shown, when Δ c < 0.06 m the model corresponds to the RSS measurements closely. However, when Δ c ≥ 0.06 m the model and measurements differ from one another. ERM was developed to also account for human-induced temporal fading when the person is in the close proximity of the LoS. As shown in Fig. 5 , the model is capable of capturing the first local maxima of the measurements. However, ERM is incapable of capturing the subsequent local maxima's and minima's when Δ c > 0.15 m. The shadowing model presented in this paper captures the large losses when the person is obstructing the LoS whereas the reflection model accounts for RSS variations when the person is moving in the close vicinity of the LoS. As illustrated, 3SM and measurements correspond closely to each other.
In the following, the model error is evaluated using the Kolmogorov-Smirnov test and standard deviation of residual
The residual follow the joint statistics of modeling error and measurement noise. The models are accurate if the residual are zero-mean Gaussian since the measurement noise is assumed to be zero-mean Gaussian in Eq. (11) . For evaluation, the Kolmogorov-Smirnov test with a significance level of 5% is used to test null hypothesis H 0 that residual is normally distributed. Further, the p-values of the Kolmogorov-Smirnov test as well as σ m are used for evaluation. The results are summarized in Table II where the model error is evaluated separately in the three different states.
In non-fading state, the residual is Gaussian and all three models accept the null hypothesis as shown in the second column of Table II . As expected, the results of the different models are close to one another since all of them estimate the measurements to be zero when the person is far away from the transceivers. In reflection state, 3SM is the only one that accepts H 0 as shown in the third column of Table II . Furthermore, σ m is considerably lower than the values of the other two models because humaninduced reflections are accounted for. Respectively, σ m of ERM is lower than with EM because it is able to capture the RSS changes caused by reflections when the person is very close to the LoS.
As the person approaches to the LoS, different propagation mechanisms are becoming affective as discussed in Section III-C. As shown in Fig. 1(b) , the state is a combination of at least diffraction and LoS blocking, which have significantly different properties. Correspondingly, in this state, the residual modeling errors are non-Gaussian with significantly higher standard deviation σ m for all three models as given in Table II . However, the model derived in Section IV-B3 is accurate enough for the purposes of this paper as can be seen from the empirical results presented in Section VII-A.
C. Practical Considerations
In this work, the main goal is to model human-induced RSS variations. This is achieved by carefully designing the measurement setup, experimental environment and an application (link line monitoring) that requires precise models for high accuracy localization. Effects that alter the RSS but cannot be captured by the models are included to the measurement noise such as temperature induced variations. If the environment itself contains intrinsic motion altering the RSS, these effects can be estimated and mitigated using the methods proposed by Zhao et al. [45] .
The presented model assumes that the RX synchronizes to the LoS signal. This assumption holds when the LoS signal arrives first to the RX and satisfies the conditions to start the synchronization sequence. If the LoS signal experiences large losses compared to other received multipath components the synchronization can fail. This can happen if the antenna gain pattern is irregular and the LoS is not within the main lobe, or because of the surrounding environment. Failure of the assumption implies that the synchronized multipath component is likely to alter with small changes in the environment and with small variations in the carrier frequency since there are multitudes of non-LoS signals with similar strengths. However, in a typical office environment most of the obstructing objects are highly dielectric so that a communication system equipped with high-quality antennas is very likely to synchronize to the LoS signal. Therefore, this assumption is not very restrictive, but requires some attention when selecting the antenna and deploying the system to make sure that the RX synchronizes to LoS signal at all frequency channels. The validity of the models also requires that the humaninduced newly created multipath components have a dominating component, and that it experiences similar fading as the unaltered LoS signal. This assumption holds when both components experience similar losses such as penetrating through the same wall. This assumption fails if the reflected signal experiences large losses, such as traversing through a concrete wall, whereas LoS signal only experiences path losses. In this case, the signal strengths are modulated by different realizations of the fading so that associated path-loss exponents cannot be assumed time-invariant and similar. Therefore, this fails under similar conditions as the failure of the LoS signal synchronization assumption, and under these conditions the models are not valid.
VI. APPLICATION
In this section, a link line monitoring application is designed to: i) estimate the presence of a person; and ii) track a single person if they pass the link line.
The presented application is composed of two main tasks: first, estimating the temporal state of the propagation channel; second, estimating the person's location in case human-induced temporal fading is observed. The unobservable temporal state is estimated with a hidden Markov model (HMM) introduced in Section VI-A and based on the statistical models presented in Section IV-C. Respectively, the person's location is estimated using a particle filter introduced in Section VI-B and the deterministic models derived in Section IV-B. The dynamics of the person are represented using a discrete white noise acceleration model. In the subsequent sections, we refer to the temporal propagation channel state as link state s, whereas to the location and velocity of the person as kinematic state x. Pseudo-code of the application is presented in Algorithm 1.
A. Estimating the Link State
The channel state is not directly observable, i.e., it is not known which propagation mechanism is dominating at a given time instant. Thus, the system is represented using an HMM and the probability of each state is estimated using the RSS and statistical models. The HMM calculates the probability of being in link state s i using r m W (k), the state transition matrix S, the conditional densities of the observations f r |s and the initial state probability f 0 . Then, the forward algorithm [46, pp. 109-114] can be used to estimate the current state probabilities using
where γ i (k) is the forward variable at time k, Q the number of states, and γ i (1) = f 0 · f r |s (r m W (1)|s i ). Finally, the link state with the highest probability can be taken as the estimate. We use the maximum a posteriori estimate defined aŝ
to determine the temporal state of the channel. For the considered system, Q = 3, f r |s are the densities presented in Section IV-C, and S and f 0 can be assumed to be known a priori, allowing one to utilize the HMM for estimating different temporal aspects of the system. In this paper,ŝ(k) is used for estimating the dominating propagation mechanism and for determining when to start and stop tracking the person. Even though we do not demonstrate the effect of S to the system performance, the application is robust to changes in S. Since f r |s characterizes the RSS accurately,ŝ(k) is the correct state as long as the transition probabilities satisfy S i|i S i|j ∀ i = j. In Section VII, we use 
B. Localization and Tracking
For the link line monitoring application, we are interested in the location and trajectory of the person in an inertial frame of reference. In tracking applications, one of the widely utilized kinematic system models is the discrete-time white noise acceleration model [47, Ch. 6] for which the state-space
as mean of particles representation can be written as w(k) is zero-mean Gaussian process noise, and
Thus, the trajectory of the person is estimated using the linear kinematic state model and the non-linear observation models defined in Section IV-B.
Since the observation models are non-linear and the measurement noise is non-Gaussian for the described system (see Section V-B), we implement a particle filter to track the movements of the person. Particle filters are especially suitable for nonlinear/non-Gaussian problems where optimal algorithms such as the Kalman filter fail [48] . Particle filters have been successfully used in RSS-based localization applications to track the movements of a person e.g. in [9] , [10] , [12] , [18] . The implemented particle filter is summarized in Algorithm 2.
VII. EXPERIMENTAL VALIDATION
In this section, the development efforts are validated experimentally. The conducted experiments are described in Section VII-A and the evaluation metrics are presented in Section VII-B. Thereafter, estimating temporal state of the propagation channel is analyzed and in Section VII-D, the tracking results are presented. The system's robustness to parameter changes is analyzed in Section VII-E.
A. Experiments
In the experiments, a single transmitter and three receivers are deployed at the opposite walls of a corridor as shown in Fig. 6 . Overall, the system is tested in three different corridors each having different width, i.e., 2.0, 3.0 and 3.5 m and they are labeled as Ex. 1 − 3 in respective order. The receivers are placed half a meter away from each other in the experiments. Controlled experiments are conducted in each corridor with a person moving at a known velocity (v x = ±0.5 m/s) along a path defined a priori of deployment. The path intersects the LoS of the links multiple times at various y-coordinates. The used hardware and communication protocol are the same as the ones described in Section IV-A.
To retain focus of the paper in the derived models, we do not present methods for learning the baseline RSS statistics or model parameters online. However, in practical applications online training is required and it is an important part of the overall system [10] , [13] . As a potential solution, we could exploit the method proposed in [13] to learn the reference RSS characteristics. On the other hand, the expectation maximization algorithm presented in [12] could be used to estimate parameters of the spatial models online. In this paper, the experimental parameters are derived using the data collected in Section IV-A and the parameters are given in Table III . To guarantee continuity of the 3SM, we set A = λd LoS /8 for the shadowing model. At this point (Δ R = λ/4), the reflection model has a null at the midpoint of the LoS after which the signal starts to experience significant losses and the person starts to shadow the LoS signal.
The system is designed so that it is capable of online operation. Of the system components, the number of particles used by the filter contributes to the computational overhead the most. We set N = 1000 which results to an average computation time of 29 ms per iteration using a standard laptop equipped with a 2.67 GHz Intel Core i7-M620 processor and 8.0 of GB of RAM memory. Because the computation time is smaller than sampling interval T s , online operation is very possible. 
B. Evaluation Metrics
Estimating the temporal state of the propagation channel is evaluated using sensitivity and specificity. Sensitivity, denoted as P d , measures the proportion of state estimates that are correctly identified (e.g. the percentage of shadowing state estimates that are correctly identified when the person is on the LoS). Specificity, denoted as P f , measures the proportion of state estimates that are incorrectly identified (e.g. the percentage of shadowing state estimates that are incorrectly identified when the person is far away from the LoS).
The tracking accuracy of the system is evaluated using mean absolute error (MAE) of the coordinate estimates
where (p x , p y ) depicts the true location, (p x ,p y ) the estimated location and K the total number of estimates. In addition, performance of a tracking system based on a particle filter requires a metric to indicate whether the posterior density has converged to the correct one or not. If the particles have converged to the correct density, it is expected that majority of the particles are located inside the human ellipse. Therefore, we also use the percentage of particles within the modeled human ellipse as an evaluation criteria. The ratio is defined as
where N i∈A (k) is the number of particles within area A spanned by the human ellipse model.
C. Estimating Temporal State of the Channel
In this section, a single receiver (RX2) is used for estimating the temporal state of the channel. This information can be used for detecting the presence or absence of a person in the mon- 
itored area. In Fig. 7(a) , P d is illustrated as a function of Δ R for the different states. As shown, shadowing can be detected with high probability when the person is obstructing the LoS or when they are in the close vicinity of it. When Δ R increases, the person moves further away from the LoS and reflections can be detected with the highest probability. Eventually, the person's effect on the channel diminishes and the non-fading state is the most probable. Excess path length is Δ R < 0.005 m when the most likely state is shadowing, 0.005 ≤ Δ R < 0.380 m for reflection and Δ R ≥ 0.380 m for non-fading. Using the above values for the sensitivity regions, P d and P f for the different experiments are given in Table IV . As shown, the sensitivity of the HMM is high and specificity low, especially in the shadowing state. Distinguishing between the other two states is more difficult when the person is moving in the boundary region between reflection and non-fading state. The results show that the reflection state increases the sensitivity region considerably with respect to a system that would only rely on shadowing.
Since the transition to shadowing state can be estimated with high accuracy, this information is used in initializing the particle filter. When one of the links transfers fromŝ 2 toŝ 3 , the person's perpendicular distance to the LoS is approximately known. Exploiting this information, the particles are set uniformly on the LoS of the TX-RX pair. However, to account for the geometrical extent of the person, x-coordinate of the particles are shifted by A = 0.11 m towards the direction the person is approaching from. Further, we suppose that the person is moving toward the monitored area by initializing v y to 0 m/s whereas we initialize 
D. Localization and Tracking
Localization and tracking is not possible using a single link and at least two links are needed. In order to evaluate the localization and tracking performance, we use two (RX1 and RX3) and three receivers. In the experiments, 100 Monte-Carlo simulations are performed with every model/experiment combination and the results are summarized in Table V . In Fig. 7(b) , two example trajectories in Ex. 2 using the different models are shown. On average, the position estimates are more accurate using the 3SM than with the other two models and as the transceiver distance grows, the enhancement in performance increases. Moreover, the tracking accuracy increases with all models and in every experiment when three receivers are used.
The models are capable of tracking the x-coordinate of the person with considerably higher accuracy compared to the ycoordinate. Reason being, the models are generally more informative with respect to the coordinate that is perpendicular to the LoS of the TX-RX pair. Since the nodes are deployed in a corridor, the LoS of the links are almost parallel and therefore, the x-coordinate errors are only a fraction of the y-coordinate errors as shown in Table V . The trend of¯ % is the same as for the coordinate estimates; 3SM outperforms the benchmark systems in every experiment and the enhancement in accuracy is greater at larger transceiver distances. It is to be noted that¯ % can never achieve 100% accuracy due to uncertainty in the initial estimate.
When the particle filter is initialized, most of the particles are outside the modeled human ellipse and as the filter converges closer to the true trajectory, more and more particles are within the ellipse.
On average, the tracking accuracy decays as the sensor distance is increased due to the additive uncertainty in the larger area to be monitored. This uncertainty can be decreased by either adding more sensors to the network or by using a model that takes into account human-induced reflections such as ERM and 3SM. ERM is able to capture the first constructive reflection (Δ R = λ c /2 ≈ 6 cm), whereas 3SM can also account for the destructive reflections located at Δ R = n · λ c , n = 1, 2, 3, · · · and constructive reflections located at Δ R = n · λ c /2, n = 1, 3, 5, · · · as long as amplitude of the reflected signal is large enough. Thus, uncertainty using 3SM is decreased even further which results to the best tracking accuracy.
In the last column of Table V , the size of the sensitivity region for the different models is shown. For the benchmark models, we search for the value of Δ c where the models deviate more than ±1 dB from the mean r(k). As an outcome, Δ c = 0.06 m for EM, whereas Δ c = 0.15 m for ERM. The value of Δ c must be defined differently for 3SM because g(k) is within ±1 dB for all Δ c values. However, resolution of the receiver's RSS output dictates whether the change in the propagation channel is observable or not. Thus, we use the link state estimates of the HMM and calculate the average Δ c value when the HMM changes from s 1 to s 2 or s 2 to s 1 , yielding Δ c = 0.50 m for 3SM. As shown in Table V , the sensitivity region of 3SM is approximately three times larger than with the EM and twice the size with respect to ERM. Thus, it is possible to achieve higher accuracy and to monitor a larger area with 3SM.
E. Parameter Sensitivity
In the following, the effect of various parameters is investigated. Unless otherwise stated, the used parameters are the same as given in Table III , and Ex. 2 is used with two receivers. The tested parameters are: channel number C, measurement noise σ m and attenuation factor ρ of the shadowing model.
We study the effect of C by simulating each channel number 100 times. In each simulation, the channels are selected randomly from the set of 16 available channels. The results are illustrated in Fig. 8(a) using two and three receivers. In the figure, the crosses indicate the outcome of a single Monte Carlo simulation and the lines represent the mean of the 100 simulations. The presented system is capable of tracking the person using a single channel, but the performance can be enhanced using more channels. However, the accuracy improvement diminishes when more than four channels are used. It is also to be noted that the results are also more consistent with respect to each other when more channels are used.
In Fig. 8(b) ,¯ % ,¯ x and¯ y illustrated as functions of measurement noise σ m . As shown, small σ m values result to satisfactory performance because the measurement model is trusted too much. As an outcome, the posterior density is not able to capture the person's true state resulting that the trajectory converges to the incorrect one. This can be avoided by using a proper measurement noise value and σ m = [2, 6] dB result to good performance. It is to be noted that the standard noise of residual, given in Table II , was 4.514 dB in shadowing state. This serves as a good choice for σ m despite the fact that the tracking accuracy could be slightly improved and covariance of the particle cloud could be decreased using a lower σ m value.
In Fig. 8(c) ,¯ % shown as a function of ρ in the different experiments. As illustrated, trend of the curves are similar and maximum performance is achieved when ρ ≈ 50 dB in every experiment. Thus, one can fix the value of ρ for a given TX-RX distance and expect similar performance. Moreover, the system is not particularly sensitive to small changes in the attenuation factor.
VIII. CONCLUSION
In this paper, a three-state temporal RSS model is presented and it is demonstrated that the measurements are dictated by electronic noise, reflection or shadowing; depending on the location of the person. Statistical and spatial models for the different states are derived and based on the models, a link line monitoring application is developed with the aim to estimate the temporal state of the propagation channel and kinematic state of the person. Compared to empirical models presented in earlier works, the presented system achieves higher tracking accuracy while increasing the sensing region of the transceivers.
One of the key contributions of the paper is augmenting the vastly used time-varying two-state channel model with an additional state. In the proposed three-state model, human-induced temporal fading is divided into two states. In one of the states, a person is affecting the amplitude of the received signal by shadowing whereas in the other state, a person is creating a new multipath component by reflection. The concepts, findings and models of this paper have a significant impact on RSS-based localization applications and in future work, use of the models in cluttered indoor environments will be studied to enhance the performance of existing RF sensor network applications.
